Conventional engineering design optimization requires a large amount of expensive experimental tests from prototypes or computer simulations, which may result in an inefficient and unaffordable design process. In order to overcome these disadvantages, a surrogate model may be used to replace the prototype tests. To construct a surrogate model of sufficient accuracy from limited number of tests/simulations, a multi-level surrogate modeling strategy is introduced in this article. First, a chosen number of points determined by optimal Latin Hypercube Design of Experiments are used to generate global-level surrogate models with genetic programming and the fitness landscape can be explored by genetic algorithms for near-optimal solutions. Local-level surrogate models are constructed then from the extended-optimal Latin Hypercube samples in the vicinity of global optimum on the basis of a much smaller number of chosen points. As a result, an improved optimal design is achieved. The efficiency of this strategy is demonstrated by the parametric optimization design of a piezoelectric flex transducer energy harvester. The optimal design is verified by finite element simulations and the results show that the proposed multi-level surrogate modeling strategy has the advantages of faster convergence and more efficiency in comparison with the conventional single-single level surrogate modeling technique.
Introduction
Traditional engineering design processes normally require a large number of expensive experimental tests from prototypes which may be unaffordable and ineffective. Benefiting from the rapid development of computer-aided design engineering, finite element analysis (FEA), which can numerically predict the performance of a design by virtual computer experiments, has become a popular method to replace a traditional design process so that the cost of experimental tests can be greatly reduced. Andrade et al. (2008) developed a finite element (FE) model of an acoustic levitator and used the model to determine the optimal geometry of the device. The optimal design of the acoustic levitator was verified by experimental results. Olayan et al. (2012) performed FE simulations of thin-film, multilayer piezoelectric pressure sensor in order to obtain maximum deflection and voltage generation of the piezoelectric layer. Leinonen et al. (2014) developed an FE model to consider the electro-mechanical coupling effect of a piezoelectric cymbal harvester. The results suggested that the FE model was able to predict power output of the cymbal harvester with an acceptable error of 7%. Tabatabaei et al. (2016) optimized the shape of a piezoelectric cantilevered energy harvester using analytical formulation and the optimal design was verified by the results obtained from finite element method (FEM) simulations. However, due to the increase in design complexities, a large number of combinations of design variables have to be considered in order to find the optimal design in the entire design space. This is prohibitively expensive, as each simulation with fine meshes to be examined in use of FE method may be computationally intensive. At this point, surrogate models are often employed to replace the original FE simulations so that the design optimization problem can be solved efficiently using mathematical algorithms. Marcelin (2004) proposed a numerical optimization approach for car gear box mechanism using neural networks surrogate model. Kim et al. (2016) optimized a piezoelectric cantilever beam energy harvester by introducing Kriging surrogate model to approximate the relationship between the design variables and the responses predicted by the FE model, and Halder and Samad (2017) optimized the geometric parameters to improve the performance of wave energy harvesting turbines by employing also Kriging surrogate model.
In order to construct an efficient surrogate model, design of experiment (DoE) sampling techniques, such as factorial designs, central composite design (CCD), orthogonal arrays, Latin hypercube, and so on, are usually applied to achieve a uniform distribution of sampling points in the design space. Since the number of combinations of design variables grows exponentially as the number of design variables increases, building a high-fidelity surrogate model to represent a complex FE model or a physical test is still a time-consuming process. To further reduce the computational cost of surrogate modeling, advanced techniques for fast convergence of solutions were proposed. To this end, Siah et al. (2004) proposed a fast optimization technique that used hybridized Kriging surrogate model and Divided Rectangles (DIRECT) optimization algorithm to find the global optimum efficiently. Forrester and Keane (2009) demonstrated a multi-fidelity optimization for aircraft wing drag pressure via co-Kriging surrogate model, by which the surrogate model was constructed to enhance the low-fidelity Kriging approximation. Sun et al. (2011) presented a two-stage multi-fidelity response surface (RS) model based on the ratio between two models with different fidelity. This modeling method was then used to optimize the draw-bead design in sheet metal-forming process to improve computational efficiency. Viana et al. (2013) developed a multiple surrogate efficient global optimization (MSEGO) algorithm which is able to generate multiple sampling points in each cycle to improve the efficiency of surrogate-based optimization. Demonstrated by optimizing an antenna design, Liu et al. (2016) proposed a multi-fidelity surrogate modeling framework to improve the efficiency of multi-fidelity surrogate model-assisted optimization. More recently, Vincenzi and Gambarelli (2017) improved the efficiency and accuracy of surrogate-assisted evolutionary algorithm by combining it with a proper infill sampling strategy and a quadratic surrogate approximation method. Li et al. (2017) proposed a multi-fidelity surrogate modeling method with cooperative radial basis function (Co-RBF), which showed improved efficiency, accuracy, and robustness when compared to the RBF and coKriging methods.
This article introduces a multi-level surrogate model optimization scheme integrated with the optimal Latin hypercube design of experiments (OLH DoE sampling technique for optimal design of a piezoelectric energyharvesting device. The optimization process has two stages. In the first stage, a global-level surrogate model is built by genetic programming (GP) to seek the maximum power output of the piezoelectric flex transducer (PFT) device subject to displacement and strength constraints. The OLH DoE is used to determine the distribution of sampling points for the surrogate modeling. In the second stage, a refined design space is defined in the vicinity of the optimum achieved previously and a local-level surrogate model is developed to find a better design with maximum power output. In this multi-level surrogate model optimization scheme, genetic algorithm (GA) is applied to find the global optimum. Finally, the potential of the developed multi-level surrogate modeling strategy for solving complex design problems is demonstrated by parametric optimization of the PFT energy-harvesting device. The results show that the power generated by the optimal design has been increased by over 200% when a safety factor of 1.0 is considered in the design process. Furthermore, a comparison study between the proposed multi-level surrogate modeling technique and the single-single level surrogate modeling technique demonstrates that the global-local surrogate model-assisted optimization strategy has the power to solve complex engineering optimization problems with high efficiency and accuracy.
Coupled piezoelectric FE model
The development of modeling piezoelectric energy harvester has a long history (Yan, 2018) . For a better understanding of vibrating energy harvesters, Sodano et al. (2004) developed a distributed parameter model for cantilevered piezoelectric energy harvester based on the Rayleigh-Ritz piezoelectric actuator model (Hagood et al., 1990) to estimate the power output. Recently, Yoon et al. (2018) Daniels et al. (2013) to analyze the mechanical-electrical interaction of a piezoelectric actuator (Newnham et al., 2000) . The accuracy of predictions using the CPC-FE model for the coupled analysis was validated against the experimental results. Based on the study on the CPC-FE model for the cymbal design, a PFT that is capable of withstanding a larger magnitude of force was proposed. The PFT has a rectangular shape, as shown in Figure 1 , and the values of its initial design parameters were selected based on the cymbal device design. The PFT was manufactured and experimentally tested, the results of which were used for validation of FE models, including the one used in this article. Luo et al. (2017) successfully applied the metamodeling technique to obtain an optimal design of the PFT device by parametric optimization. The optimal design offered a power output of 6.54 mW, representing an improvement of more than 58% as compared to the power output of 4.13 mW from the original PFT design when a safety factor of 2.0 is applied.
Multi-level surrogate modeling strategy
A complex engineering design usually requires solving a parametric optimization problem, which is constrained by a set of bounded design variables to seek the optimal solution. Without the help from a proper parametric optimization technique, these design variables keep changing within their allowable bounds so that an infinite number of combinations of parameters have to be enumerated to represent all the designs in the entire design space. Obviously, this process is computationally prohibitive. Parametric optimization techniques tackle this problem by examining an affordable number of designs to predict the optimal solution and also provide an explicit function of parameters for the prediction of the optimal values. However, the accuracy of the explicit function or surrogate model strongly depends on the DoE sampling technique and the size of the samples. Forrester and Keane (2009) reviewed the infill sampling technique and described its basic procedure driven by the radial basis function (RBF) for efficiently descending to a local minimum instead of the global minimum, as shown in Figure 2 (a). This is due to the low fidelity of the approximate surrogate model. To reduce the computational cost of surrogate modeling while maintaining its high fidelity, the sampling points in this article are determined by the OLH DoE technique for a uniform distribution across the entire design space so that the surrogate models can be used as an approximation to the physical model and predict the system responses with sufficient accuracy.
On the basis of the above, a multi-level surrogate modeling method with the OLH DoE sampling technique is developed in this article to avoid falling into local optimums and efficiently seek the global optimum. This strategy includes two stages, that is, the global-level exploration and the local-level exploitations. The global-level exploration aims to find the promising design space where the global optimum lies in, while the purpose of the local-level exploitation is to increase the accuracy of the surrogate model within the promising subset using the additional sampling points in the refined design space. The search for the nearoptimal solution in the global-level exploration stage starts with applying the OLH DoE technique to generate uniformly distributed sampling points in the entire design space. The developed CPC-FEM is used then to run the coupled mechanical-electrical simulations at these design points. Given the training data, the globallevel surrogate models are built by GP. Next, GA is applied to the global-level surrogate models to explore the design space for the near-optimal solution. In the local-level exploitation stage, extra sampling points are generated by extended OLH DoE in the vicinity of the near-optimal design space, which is determined in the global-level exploration. Then, the new surrogate model with higher accuracy is generated to find the optimal design within this promising design space. Finally, the optimal design is validated by FE simulations. If the predictions by the surrogate models do not agree with the simulation results within the acceptable tolerance, the surrogate models will be rebuilt using more sampling points in the local exploitation stage and the optimization will be executed with a higher accuracy surrogate model until the optimal solution is found.
The efficiency of the proposed multi-level surrogate modeling strategy with the infill sampling points selected by the OLH DoE technique is demonstrated by the illustrative function described in Figure 2 (a). A total of 10 optimized initial sampling points by OLH are first used to explore the global design space. The predicted minimum value of the global-level surrogate model is around x = 0.8, as shown in Figure 2 (b). Following that, additional five infill sampling points are uniformly located in the predicted optimum design space to update the surrogate model. Then, the gradient-based optimization is performed on the updated local-level surrogate model. The flow chart of the multi-level surrogate modeling strategy employed in this article is shown in Figure 3 . The main process of the multi-level surrogate modeling and parametric optimization employed to maximize the power output of the PFT device is explained as follows.
First, 140 uniformly distributed initial sampling points are selected by the OLH DoE technique within the global design space. These sampling points representing designs of seven design variables are analyzed by FE simulations to obtain the outputs of the system. Then, these training data are used to construct globalglobal level surrogate models by GP to find the nearoptimal solution. Subsequently, 30 additional sampling points are selected in the near-optimal vicinity to build the local-local level surrogate model for exploiting the optimal solution in the local design space. Finally, FE simulation, which was validated by experimental results, is performed to validate the optimal solution predicted by the surrogate models.
The detailed design of the PFT device is a multiparameter optimization problem, for which the multilevel surrogate models are constructed to seek the maximal power output. As mentioned above, the proposed multi-level optimization strategy consists of the global exploration and the local exploitation stages, each of which includes independent modeling, optimization, and FE validation process. Summarily, the strategy comprises four main steps:
1. DoE; 2. Surrogate model building by GP; 3. Surrogate model-assisted optimization; 4. Optimal results and validation by FE simulations.
In the following sections, details of the four steps will be introduced.
DoE
Conventional engineering design optimization process used to vary one parameter a time to observe the relationship between the system outputs and the varied input parameters. However, with the rapid development of manufacturing tools and advanced materials, the complexity of the design is significantly increased in order to obtain the potential benefits provided. As a consequence, the numbers of design variables are increased accordingly and solving such design problems becomes more challenging. It is evident that the conventional one-factor-at-a-time experimental method to determine the impact of two or more factors on responses of interests is less effective due to its simple mechanism.
DoE is a statistical technique (Box, 1980) to simultaneously study the effect of multiple variables with high efficiency and it can successfully deal with design optimization projects of various engineering applications. Based on the sampling points recommended by the DoE technique, a statistic model, which is usually called the surrogate model, is built to replace physical experimental tests and full-scale numerical simulations. Therefore, the time required for physical experiments or computer experiments is significantly reduced. Furthermore, the approximate surrogate model built by the DoE design points, where a design point is related to a specific set of design parameters, can be utilized as a relevant objective function whose optimal solution represent effectively the solution of the original complex optimization problem. A survey of different kinds of DoE is given by Simpson et al. (1997) . However, the quality of a metamodel strongly depends on an appropriate choice of DoE type and the sampling size (Forrester et al., 2008) . In order to explore the design space in a limited number of computer experiments and improve the efficiency of DoE, a uniform Latin hypercube DoE (Toropov et al., 2007) based on the use of the Audze-Eglais optimality criterion (Audze and Eglais, 1977) , is used in this article.
The main requirements of the OLH DoE are as follows: The number of the set of design variables is equal to the number of experiments, and for each set of the design variables, there is only one experiment allowed; The points corresponding to the experiments are distributed as uniformly as possible in the design space where each design parameter is defined as an independent co-ordinate. Thus, the Euclidean distance between two neighboring points can be calculated using Pythagorean formula as follows
where, P is the total number of points, L pq is the distance between points p and q (p 6 ¼ q). Minimizing U produces a system (DoE) where points are distributed as uniformly as possible in the design space. It should be noted that the above principles for the determination of sampling points are applied in both the global-level and the local-level surrogate modeling stages. In this article, 140 uniformly distributed design points are proposed for the FE simulations for global surrogate model building. In order to reflect the influence of existing sampling points in the global-level surrogate modeling stage on the distribution of the sampling points used for the local-local level approximation model building, an additional requirement has to be met in the local-level surrogate modeling stage, that is
The sampling points used in the local-level surrogate model building should be determined such that the distance between any local point and the existing global point satisfies equation (1).
To satisfy all above requirements, the extended OLH DoE is defined.
In the local-level surrogate model building, 30 uniformly distributed design points are proposed for the FE simulations and the bar chart of the minimum distances between all 30 sampling points is shown in Figure 4 , which indicates a good uniformity of sampling points by the extended OLH DoE
As a rule of thumb, the number of distributed design points should be at least (n + 1)(n + 2)/2, where n is the number of design variables. In principle, the required number of sampling points increases exponentially with the increase in design parameters. The quality of surrogate models, which relies upon the number of sampling points, should be tested by the accuracy of the predictions. If the accuracy of the predictions is not satisfactory, the number of points should be increased until the predictions have good agreement with the FE simulations or experimental tests.
GP
GP methodology (Armani et al., 2011; Koza, 1992 ) is a systematic way of selecting a structure of high-quality global approximations. The GP code was first developed according to the guidelines provided by Koza (1992) and then implemented for symbolic regression tasks by Armani et al. (2011) . The common genetic operations used in GP are reproduction, mutation, and crossover, which are performed on the mathematical expressions (metamodels) stripped of their corresponding numerical terminals. Parameters are inserted in the offspring and then optimized during the fitness evaluation. Selection of the structure of an analytical approximation function is a problem of empirical model building and this also results in solving a combinatorial optimization problem. Even if a bank of all regressors is established, the search through all possible combinations would result in prohibitive computational effort. In this case of design optimization, the program represents an empirical model to be used for approximation of a response function. Details and implementations of GP used in this article can be found in the work by Armani (2014) .
In order to encourage the evolution of compact, smooth, and accurate mathematical expressions and to avoid ''bloating'' (Poli et al., 2008) , the definition of fitness values F(i, t) of individual i at generation t has been represented in the form of a weighted sum of different terms or objectives, as an approach to solve the multi-objective optimization using the evolution-based algorithm
where
F 1 is the root mean square error (RMSE) of the ith individual in the tth generation evaluated on the given data set, divided by the average RMSE of the archive individuals at the previous generation; F 2 is the square of the number of numerical coefficients (parameters) present in the individual; F 3 is the number of operations not defined (i.e. division by zero) in the individual at any of the DoE sample point. F 3 becomes very small when it is taken near the optimal solution. Therefore, to ensure that F 3 is evaluated numerically in a similar range to the other three objective functions, an amplification factor of 10 6 is introduced before F 3 . F 4 is the number of nodes that the individual is made of and a 1 , a 2 , a 3 , and a 4 weighting factors (that add up to 1) determined by the exhaustive testing and tuning of the GP algorithm (Armani et al., 2011) . Their values were as follows: a 1 = 0:8989, a 2 = 0:001, a 3 = 0:1, and a 4 = 0:0001 in this study.
The above GP framework is built at both the global and local levels to construct the respective surrogate models, which are to be optimized subsequently to predict maximum electric power output of the PFT device.
Surrogate model-assisted optimization of the PFT design
The FEM is widely used for solving engineering design problems because it can effectively predict the performance of complex and expensive prototype experiments. In this article, ANSYS Parametric Design Language (APDL) is applied to perform the parametric analysis of the PFT device, which is a mechanical and electrical coupling system. The basic components of the PFT are a piezoelectric plate and two substrate layers on the top and bottom of the plate covered by two metal endcaps placed outside the substrate layers. The geometric parameters of the PFT device and its threedimensional FE model are shown in Figures 2 and 5 , respectively. Detailed material properties of the PFT device can be found in the work by Daniels (2014) .
The boundary conditions of the FE model are defined as follows:
No displacement in the vertical direction is allowed at the bottom surface of the device; About 1 kN load is uniformly distributed on the top surface of the device; Two electrodes are located, respectively, on the top and the bottom surfaces of the piezoelectric material; A resistor connects the two electrodes.
To obtain the maximal power output of the PFT, seven parameters including six geometric parameters shown in Figure 6 and the resistant load (R) are selected as design variables in the following optimization process. The geometric design variables are depicted as follows: the cavity length (D c ), the apex length (D a ), the endcap internal angle (u), the respective thicknesses of the piezoelectric plate (t p ), the substrate layer (t s ), and the cap (t c ). The total length (D) and width (W) shown in Figure 1 are constant in this study and are 52 and 30 mm, respectively. By altering the cavity length, the internal angle, and the apex length, the overall height of the cap (H) will be changed. The joint length (J) represented in Figure 6 can be defined as follows
Figure 5. FE modeling of the PFT device using APDL (Daniels, 2014) . The bounds of the seven design variables are listed in Table 1 . These upper and lower bounds of the parameters are chosen according to the practical and manufacturing restraints. During the optimization procedure, the yield stress of material and the maximum allowable displacement are also taken into consideration. The maximum principal stress of the device is calculated using the FE model.
The maximum principal stress, which occurs in the metal endcap, is measured during the optimization procedure and compared with the material yield stress. The design is considered a failure if the maximum principal stress is larger than the material yield stress.
The apex downward displacement should not exceed the height H so that the contact between the cap and the substrate can be avoided in the process of energy harvesting. Thus, the optimization problem is formulated as follows.
To find MaxP, subject to the bounds specified in Table 1 and
where P denotes the non-dimensional electrical power that is normalized by the maximum electrical power predicted from the initial 140 sampling designs before the failure criteria is applied. The maximum principle stress is normalized by the yield stress of the material and the maximum displacement of the apex is normalized by the height of the endcap, H. When a safety factor of 1.0 is chosen for both the displacement and stress criteria, equations (5) and (6) are the respective stiffness and strength constraints, in which the height of the endcap, H, can be computed by
In equations (5) and (6), D disp is the displacement of the apex, s y is the yield stress of the endcap material, and s is the maximum principal stress in the endcap.
The parametric optimization of the PFT is performed using the multi-level surrogate models constructed from the OLH DoE sampling strategy, which has been introduced in the ''DoE'' section. As described in the ''Multi-level surrogate modeling strategy'' section, 140 initial points are taken uniformly from the entire design space for global surrogate model building and 30 extra points are sampled in the vicinity of the near-optimal design space (promising design space) for the local surrogate model building.
Optimal results and validation by FE simulations
In Table 2 , the optimal results obtained using globallocal surrogate models and FE simulation are compared to demonstrate the validity and effectiveness of the proposed multi-level surrogate modeling strategy. It is noted that in the global-level exploration phase, the landscape feature of the electrical power function in the PFT device design can be approximately predicted using the low-fidelity surrogate model, which is built by 140 sampling points. Based on the surrogate models built by GP, GA, as a search tool, is applied on the surrogate models for seeking the near-optimal solution in the global level. Although the predicted normalized displacement agrees well with FE results, the discrepancy of 6.38% exists between the normalized maximum principal stress (0.88) obtained by the global-level surrogate model and the FE validation result (0.94). In terms of the optimal electrical power, significant differences between the surrogate and FE models are observed. These differences imply that it is challenging to accurately predict the complex responses, such as electric power and stress, in use of a single-single level surrogate model. However, this simple surrogate modeling strategy has the advantage in describing the profile of the complex responses with reduced computational effort. Based on the optimal design by the global-level exploration, the refined design space of design variables in the near-optimal vicinity for the local-local level exploitation is shown in Table 3 . These updated bounds of the promising search domains are applied to perform the local-local level optimization for a solution with higher accuracy. By exploiting the local-level surrogate model built using extra 30 extended OLH samples, the optimal design of the PFT device for maximal electric power is finally found by the SQP technique. The last two rows in Table 2 show a maximal difference of 2% between the predicted results (0.97) and the FE validation (0.99) for the normalized electric power. It is concluded that with a total number of 170 design points, the design optimization of PFT device with seven design variables has been solved accurately and efficiently. The predicted results agree well with the FE simulations and the normalized electric output of the optimized PFT device has been significantly increased from 0.52% to 0.99 by 45% for the stress safety factor of 1.0. It can be seen that the proposed multi-level surrogate modeling strategy for design optimization of piezoelectric energy- harvesting devices improves not only the accuracy of the predictions but also the performance of the device. In order to demonstrate the superiority of the proposed multi-level surrogate modeling strategy over other optimization methodologies used in the previous work (Forrester and Keane, 2009; Luo et al., 2017) , the optimal designs including optimal solution of the multi-level surrogate modeling strategy, the singlesingle level surrogate modeling approach, and the conventional varying one parameter a time optimization technique are listed and compared in Table 4 . Where a safety factor of 2.0 is applied to the stress constraint. The first two rows represent the optimal designs obtained by the multi-level and single-level surrogate modeling-assisted optimization strategies, respectively. The FE validation results are shown in the third row. The predicted normalized electric power by multi-level surrogate modeling strategy has a value of 0.39, which has good agreement with the result of 0.38 by FE validation, while the normalized electric power (0.46) obtained from the single-single level surrogate model is overestimated by 21% as compared to the FE results. This indicates that the multi-level surrogate modeling strategy is more accurate than the single-level surrogate model. The fourth row in the table lists the optimal design by Daniels (2014) , who optimized the original PFT device (the fifth row in the table) by varying one parameter each time. Although this one-factor-at-atime method improves the power output of the original design from 0.24 to 0.33 by 37.5%, it cannot guarantee a global optimum since the algorithm ignores the coupled effect of two or more factors on the responses of interests. Overall, with the capacity of finding the global optimum design accurately and efficiently, the multi-level surrogate model-assisted optimization strategy has improved the power output of the PFT device by 58% as compared with the original PFT design and 15% more than the optimal design by Daniels (2014) .
Another observation from the results in Tables 2  and 4 is that the reduction in power output of the PFT device from 0.99 to 0.38 is not proportional to the increase in the respective safety factor from 1.0 to 2.0. The effect of the stress safety factor on the maximal power output of optimal designs is given in Table 5 . It is noted that when the safety factor is reduced, the electric power output is increased. To achieve the best Table 3 . Promising domains of design variables in the local-level optimization.
Design variables
Near-optimal solution at the global-global level optimization 9 0.9 0.5 40 10.68 14 13.5
Refined bounds at the local-local level optimization 7-9 0.6-0.9 0.5-1 38-40 9.8-14 10-15 10-19 (Daniels, 2014) 0.33 0.48 0.01 Original design (Daniels, 2014) 0.24 0.51 0.01
FEA: finite element analysis.
designs corresponding to the stress safety factor of 1.0, 1.5, and 2.0, respectively, the thickness of the endcap (t c ) and the internal angle (u) should be increased gradually, while the thickness of substrate layers (t s ), length of apex (D a ), and length of cavity (D c ) are suggested to take their boundary values. As compared with the original design which has a normalized electric power (P) of 0.33, the optimal designs obtained by the multi-level surrogate modeling optimization strategy can increase the electric power by 15%, 76%, and 200% if the stress safety factor of 2.0, 1.5, and 1.0 are applied, respectively. In Figure 7 , a second-order polynomial curve can be determined to best describe the relationship between the power outputs and safety factors of the PFT device. It is concluded that the output power is more sensitive to a lower safety factor, as shown in Figure 7 , and using a smaller safety factor will significantly increase the power output of the PFT energy harvester. However, engineering design should consider different levels of safety due to the existence of uncertainties in the real world, such as variation of geometric parameters and material properties. Ignoring the effect of uncertainties, designs with low safety factors may cause critical failure. In order to achieve a lower safety factor as well as significantly increase the power output of the PFT device, robust optimization of the PFT device under uncertainties aiming at reducing design sensitivity has attracted growing attention from researchers.
Conclusion
In this article, a multi-level surrogate modeling strategy for design optimization of a novel PFT device has been proposed to accurately obtain the maximum electric power. An extended OLH DoE was further developed to determine sampling points for efficiently building multi-level surrogate models. Based on the nearoptimal solution by the global exploration, the maximum electric power with high accuracy was found by local exploitations performed in the vicinity of the refined design domain. Designs with a stress safety factor of 2.0, 1.5, and 1.0 were investigated, respectively. Optimization of these designs increased the respective electric power by 15%, 76%, and 200% as compared to the original design of the PFT device.
The results obtained suggest that the proposed multi-level surrogate modeling strategy is capable of solving complex design optimization problems more accurately and efficiently than the single-level surrogate modeling approach and the conventional one-factor-ata-time method. The multi-level surrogate model also provides design engineers with explicit relationships between structural design parameters and energy output of the harvesting devices they are designing.
Future investigations are required on the uncertainty analysis of material properties and damping effects of the PFT device in FE simulations.
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